The mineral composition of crop shoot tissues is important for yield formation and nutrient remobilization to seeds. The natural diversity that exists within crop species can be used to investigate mechanisms that define plant mineral composition and to identify important genomic loci for these processes. The objective of this study was to determine shoot mineral nutrient concentrations in genetically diverse soybean [Glycine max (L.) Merr.] genotypes and to identify genomic regions associated with concentrations of different nutrients in shoot tissue. The genotypes were grown at two locations in 2 yr and characterized for macronutrient (Ca, Mg, P, K, and S) and micronutrient (B, Cu, Fe, Mn, and Zn) concentrations in shoot tissues. Genome-wide association studies were conducted with 31,748 single nucleotide polymorphisms (SNPs) via a unified mixed model to identify SNPs associated with macro-and micronutrient concentrations. The number of putative loci identified for the macronutrients ranged from 11 for Ca to 20 for K. For the micronutrients, the number ranged from 10 for Mn to 24 for Fe. In addition to colocated loci for multiple nutrients, 22 individual SNPs were associated with more than one nutrient such that 11 different nutrient combinations were encompassed by these SNPs. Ultimately, the putative loci identified in this study will need to be confirmed and are expected to aid in the identification of new sources of variation for use in soybean breeding programs as well as for mechanistic studies aimed at understanding the regulation of mineral nutrient uptake, translocation, and shoot tissue concentrations.
2018). The ability of soybean to fix atmospheric N 2 in association with symbiotic bacteria allows the production of soybean without N fertilization and emphasizes the importance of the availability and management of other essential nutrients for successful growth and yield formation (Zahran, 1999) .
Plant growth and development require a balanced supply of essential mineral elements and this equilibrium is maintained by homeostatic mechanisms (Williams and Salt, 2009 ). The acquisition, distribution, and interaction of nutrients are important for plant growth (Ohkama-Ohtsu and Wasaki, 2010) . Nutrient uptake is a function of availability in the soil and plant root characteristics (Chapman et al., 2012) . Nutrient availability is influenced primarily by soil moisture-and microbial and chemical factors (Bender et al., 2015; Miransari, 2013) . Both nutrient availability and uptake can be modulated by plant root and plant-microbe interactions (Lareen et al., 2016) , including root growth, architecture, and anatomy (Aibara and Miwa, 2014; López-Bucio et al., 2003) , as well as plasma membranes with associated transporters and channels (Chrispeels et al., 1999; Zelazny and Vert, 2014) . As such, it is not surprising that the accumulation of mineral elements is a complex process controlled by a network of gene products that are critical for binding, uptake, transport, and sequestration (Baxter, 2009; White and Brown, 2010) .
Plants require mineral nutrients in various amounts for growth. Determinations of essential nutrient concentrations in different tissues is commonly used to assess nutrient availability in relation to requirements for growth. Not surprisingly, plant tissue nutrient concentrations vary depending on the stage of development, tissue type, genotype, and nutrient availability in the soil, as well as environmental conditions (Bryson et al., 2014; Chu et al., 2016; Ray and Fritschi, 2009 ). The patterns of nutrient uptake, partitioning, and remobilization in soybean have been studied for many years (Borst and Thatcher, 1931; Hammond et al., 1951; Harper, 1971 ) and continue to be of interest to better understand the physiology of nutrient accumulation. More recently, Bender et al. (2015) conducted a field study to determine the mineral nutrition needs of modern soybean varieties by quantifying season-long nutrient uptake, partitioning, and remobilization and found that the uptake of K and Fe primarily occurred during late vegetative and early reproductive growth stages in contrast to uptake of N, P, Ca, Mg, S, Zn, Mn, B, and Cu, which was more evenly distributed throughout the entire growing season.
Avoiding nutrient deficiencies is critical to achieving high soybean yields, as deficiencies in any one or in any combination of these nutrients can impair growth and development and limit productivity (Chu et al., 2016) . Therefore, understanding the yield potential of an environment coupled with the nutrients required to achieve maximum yield is necessary for maintaining a sound fertility program for soybean production (Ray and Fritschi, 2009 ). Analyses of leaf tissue nutrient composition are often used to assess the nutritional status of crop plants and can be useful as a diagnostic tool, in conjunction with reference values, to avoid or remedy nutrient deficiencies. However, for most nutrients, the range of values considered "normal" or "sufficient" is quiet large (Bryson et al., 2014) .
It is clear that shoot mineral concentrations are influenced by environmental conditions and management practices (Marschner, 2012) but there are also genotypic differences that will affect the elemental composition of different plant parts (Gourley et al., 1994) . Plants have evolved different mechanisms to be able to grow in soils that can vary widely in chemical properties, including alteration of their elemental tissue composition (Brady et al., 2005; Ehrenfeld et al., 2005) . The elemental composition of an organism represents the inorganic component of cellular and organismal systems and has been referred to as the ionome (Lahner et al., 2003) . Ionomics, the study of the ionome, involves the quantitative measurement of the elemental composition of living organisms and the changes in physiological stimuli, developmental state, and genetic modifications (Salt et al., 2008) . The concept of the ionome was introduced more than 10 yr ago (Lahner et al., 2003) . Lahner et al. (2003) quantified 18 elements in the shoots of 6000 mutagenized plants of Arabidopsis thaliana (L.) Heynh. and analyzed the mutation frequency based on the elemental profiles. Their findings led to the conclusion that about 2 to 4% of the genome is involved in the regulation of the nutrient and trace element content in this species. To date, the ionomes of various tissues from several different plants have been analyzed, including the shoot ionomes of Brassica species and Lotus japonicus (Regel) K.Larsen and the seed ionome of soybean and dry bean (Phaseolus vulgaris L.) (Bus et al., 2014; Chen et al., 2009; Fageria, 1983; McClean et al., 2017; Wu et al., 2008; Zhang et al., 2014a; Ziegler et al., 2013) . Analyses of the ionome of biparental mapping populations, diversity panels, and mutant populations have been used successfully to identify genes and genetic loci associated with tissue nutrient concentrations (Bus et al., 2014; Fageria, 1983; Wu et al., 2008) . For instance, Bus et al. (2014) conducted a greenhouse study on nutrition concentrations in a diverse set of 509 inbred Brassica napus L. lines and identified 29 loci that were significantly associated with seven traits. Additionally, the ionome can be studied to better understand physiological processes at the whole-plant level, such as relationships among nutrient uptake, utilization, and growth, as well as root-shoot interrelationships (Jakobsen, 1993; Lecourt et al., 2015) .
Ultimately, the tissue nutrient content and concentration of plants are an integration of the result of plant, soil, and microorganism influences on nutrient uptake under given environmental conditions (Clarkson, 1985) . Variation within the topology, hydrology, and soil composition of a field can have large effects on the elements that are available for uptake and may mask genetic variation, increasing both the false positive rate and false negative rates for gene identification (Baxter et al., 2014; Ziegler et al., 2013) . Nonetheless, several researchers have been able to successfully identify mutants or map genetic loci associated with tissue nutrient concentrations on the basis of field experiments, including some for soybean Blair et al., 2016; Ziegler et al., 2013 Ziegler et al., , 2017 . Although the genetics of the soybean seed ionome have received some attention (Ziegler et al., 2017) , no information is available about the genetics underlying the shoot ionome of soybean.
Investigations of the genetics underlying shoot mineral composition are particularly relevant because they are related to grain yield formation and also seed mineral composition. For instance, there is a long history and an abundance of studies linking plant tissue mineral nutrient concentrations with plant growth and yield, and establishing tissue analysis as a diagnostic tool for fertilization recommendations (Cottenie, 1980; Epstein and Bloom, 2005; Havlin et al., 2013) . Additionally, nutrients accumulated in shoot tissue may be remobilized to developing seeds and can influence seed mineral composition and nutritional value (Chen et al., 2016; Garnett and Graham, 2005; Johnson-Beebout et al., 2016; Sankaran and Grusak, 2014) . Thus a better understanding of the genetics underlying the soybean shoot ionome promises to provide insights into mechanisms related to nutrient uptake and homeostasis, and into the potentially available nutrient pool for remobilization from vegetative tissues to developing seeds.
Although fertilizer applications may remedy low soil mineral nutrient availability, fertilization represents additional production costs, fertilizers may be too expensive or difficult to access for farmers in low-income countries, and application may cause environmental burden (Obersteiner et al., 2013; Reijnders, 2014) . Consequently, development of more nutrient-efficient soybean cultivars based on a better understanding of the shoot ionome should ultimately be of economic and ecological benefit. Therefore, the objectives of this study were to characterize the phenotypic diversity in the shoot elemental composition of soybean and to use genome-wide association studies (GWAS) to identify genomic regions associated with variation in the shoot ionome.
Materials and Methods

Experimental Design and Plant Material
All field experiments were conducted at the Bradford Research Center near Columbia, MO (38°53′N, 92°12′W) and at the Rice Research Experiment Center near Stuttgart, AR (34°30′N, 91°33′W) in 2009 and 2010. Plants were grown on a Mexico silt loam (fine, smectitic, mesic Vertic Epiaqualf) soil at Columbia and on a Crowley silt loam (fine, smectitic, thermic Typic Albaqualfs) soil at Stuttgart as described by Dhanapal et al. (2015a) . Briefly, seeds of 385 Maturity Group IV soybean genotypes, originally obtained from the USDA Soybean Germplasm Collection, were planted at 2.5-cm depth at a density of 25 seeds m -2 . At Columbia, plots were 4.87 m long and four rows wide with 0.76-m row spacing; at Stuttgart, plots consisted of 6.1-m-long single rows with a row spacing of 0.76 m. The genotypes were planted in a randomized complete block design with three replications. Within location, experiments were planted on the same soil type but in different fields in the 2 yr. Planting was conducted on 23 May 2009 and 27 May 2010 in Columbia and on 2 June 2009 and 10 June 2010 in Stuttgart. Detailed agronomic and management practices and criteria for selection of the 385 soybean genotypes have been described previously (Dhanapal et al., 2015a) . To reduce the number of genotypes for mineral nutrient analyses, shoot tissue mineral nutrients from all 385 genotypes were analyzed from one replication grown at the Stuttgart location in 2009. On the basis of these data, approximately 10 genotypes from each of the phenotypic tails of each element were selected (data not shown) and the genetic diversity was assessed on the basis of 31,748 SNP markers with a minor allele frequency (MAF) of ≥ 5 (from the SoySNP50K iSelect SNP Beadchip; Song et al., 2013 Song et al., , 2015 with TASSEL version 5.0 (Bradbury et al., 2007) and STRUCTURE version 2.2 (Pritchard et al., 2000) software programs. Ultimately, on the basis of this information, the number of genotypes was reduced to 104 entries that reflected most of the genetic diversity present in the 385 original genotypes. The 104 genotypes represent seven different international sources, including 59 from South Korea, 20 from China, 14 from Japan, six from North Korea, three from Georgia, one from Russia, and one from Korea (North or South Korea was not indicated in the Germplasm Resources Information Network database). For simplicity, the four individual environments (two locations: Columbia and Stuttgart; 2 yr: 2009 and 2010) are referenced as CO09, CO10, ST09, and ST10. Data were also analyzed by location means over years, designated as CO and ST, as well as over all four individual environments, designated "Across".
Biomass Sampling and Elemental Composition Analysis
Between beginning bloom and full bloom (R1 to R2, Fehr et al., 1971) , corresponding to 53 d after planting at Columbia in both years and 50 (2009) and 61 (2010) d after planting at Stuttgart, five random plants from each plot were cut at the soil surface. The samples were dried in an oven at 60°C until weights stabilized and ground in a Wiley Mill (Thomas Model 4 Wiley Mill, Thomas Scientific, NJ), and a subsample was ground again to pass a 1 mm screen using a UDY Cyclone sample mill (MODEL 3010-014, UDY Corporation, CO). A subsample of approximately 0.25 g of ground material was digested with 2.5 mL concentrated HNO 3 with the addition of 30% H 2 O 2 at a temperature of 60°C and then further digested at 110 to 115°C for about 1 h or until 3 mL remained Plank, 1992, 1998 
Statistical Analysis and SNP Genotyping
Descriptive statistics and correlation coefficients were computed for measured variables using the PROC MEAN and PROC CORR procedure of SAS version 9.2 (SAS Institute, 2008) , respectively. To analyze the genotype × environment interactions, the 2 yr and two locations were treated as four environments, and analysis of variance was performed with the PROC MIXED procedure of SAS version 9.2 (SAS Institute, 2008) as described previously (Dhanapal et al., 2015a) . Analyses were conducted using the model suggested by Bondari (2003) , where genotype was treated as a fixed effect and replication nested within environment was treated as a random effect. Principal component analysis (PCA) on the correlation matrices of standardized element concentrations by environment and means across environments was conducted with JMP version 8.1 (SAS Institute, 2008) .
To minimize the effects of environmental variation, the best linear unbiased predictions (BLUPs) were used for GWAS (Kump et al., 2011) . The BLUP values of all nutrient elements per genotype were derived for each environment independently within each location and also across all four environments using PROC GLIMMIX of SAS version 9.2 (SAS Institute, 2008) as described previously (Ray et al., 2015) . Heritabilities were estimated with a SAS program as described previously (Dhanapal et al., 2015b) via the model suggested by Piepho and Möhring (2007) . When one uses soybean pure lines, such as the PIs from the USDA collection used in this study, there is no dominance gene action and therefore no dominance genetic variance. Thus in this population, the calculated heritability estimate is a narrow-sense heritability.
Genotypic data from the SoySNP50K iSelect SNP Beadchip (Song et al., 2013 (Song et al., , 2015 are publicly available at Soybase (http://www.soybase.org/snps/download.php, accessed 17 May 2018) and were obtained for the 104 soybean genotypes and used in this study. All 104 genotypes were included in the GWAS for the 10 nutrients involving 31,748 SNPs with a MAF of ≥5% across the genotypes.
Population Structure and Kinship Analyses
For population structure analyses, a defined set of genotypic data of 31,748 polymorphic SNPs with MAF ≥ 5% for a select group of 104 genotypes was used. The Bayesian model-based software program STRUCTURE version 2.2 (Pritchard et al., 2000) was used for inferring the population structure. The burn-in time and Markov chain Monte Carlo model replication number were both set to 100,000 for each run. Ten runs were performed for each hypothetical number of subpopulations (k) set from 1 to 10. The most likely k value was determined by plotting the log probability of the data, LnP(D), and Δk (Evanno et al., 2005) . The rate of change of log probability of data that best described the population structure was based on the value at which LnP(D) reached a plateau. All 104 soybean genotypes were assigned to a defined sub-population structure of k = 7. The population structure was developed for further association analysis with the Genome Association and Prediction Integrated Tool (GAPIT) developed in the R package. For calculation of genetic diversity within and among seven subpopulations GeneAlEx version 6.41 (Peakall and Smouse, 2006) and STRUCTURE version 2.2 (Pritchard et al., 2000) software packages were used. TASSEL version 5.0 software was used to generate the kinship matrix based on the scaled identity-by-state similarity matrix described by Endelman and Jannink (2012) .
Genome-Wide Association Study
The GWAS was performed in the R package GAPIT (Bradbury et al., 2007; Lipka et al., 2012) . The model used for the association analysis was a compressed mixed linear model incorporating the kinship matrix to model random effects and the population structure estimated by the Bayesian model-based program STRUCTURE to model fixed effects (Bradbury et al., 2007; Lipka et al., 2012; Pritchard et al., 2000; Zhang et al., 2010) . For both macronutrients (Ca, Mg, P, K, and S) and micronutrients (B, Cu, Fe, Mn, and Zn), SNPs with a MAF of ≥5% were used for the GWAS with the BLUPs calculated for each environment or across all four environments. The critical issue for inferring statistically significant associations in GWAS is multiple testing. A p-value adjusted for the false discovery rate cutoff of <0.05 was used for finding significant marker-trait associations of analyses by environment, by location, and across all environments. Multiple testing was performed to assess the significance of marker-trait associations with QVALUE R version 3.1.0 (http://genomics.princeton.edu/storeylab/ qvalue/windows.html, accessed 17 May 2018) and using the smoother method (Storey and Tibshirani, 2003) , an extension of the false discovery rate method (Benjamini and Hochberg, 1995) . Markers with a p-value adjusted for the false discovery rate of <0.05 were considered significant (Dhanapal et al., 2015c; Herritt et al., 2016) . The GAPIT package produces an R 2 value that includes contributions from the kinship and population structure in addition to the contribution of the SNP. Though this R 2 is an effective measure for comparing models, it is not an effective measure of the contribution of a specific SNP. Therefore, to obtain an R 2 that is more reflective of the contribution of individual SNPs, the model was run in GAPIT with and without the SNP. The difference in R 2 values between the two runs was used as the estimate of the R 2 of individual SNPs. Haplotype blocks were generated with default parameters in TASSEL version 5.0 (Bradbury et al., 2007) and DnaSP version 6.11.01 software (Rozas et al., 2017) .
results
Environmental Conditions
The environmental conditions differed considerably among the four environments but were more similar between years in a location (Columbia and Stuttgart) than between the locations. As expected, temperatures at Stuttgart were higher than those at Columbia in both years. Between planting and plant tissue sampling, temperatures were higher in 2010 than in 2009 at both locations, averaging 28.3 and 26.4°C at Stuttgart and 24.7 and 22.9°C at Columbia, respectively. Solar radiation generally was greater in Stuttgart than in Columbia for both years and was mostly greater in 2010 than in 2009 for Stuttgart. Precipitation from planting through to sampling was greater in Columbia than in Stuttgart in both years and amounted to 312 and 205 mm in 2009 and 272 and 124 mm in 2010, respectively. Overall, Stuttgart received less rainfall than Columbia, but the experiments in Stuttgart were supplemented with irrigation as needed. More detailed information on the environmental conditions is provided in Dhanapal et al. (2015a) and Ray et al. (2015) .
In general, the soil test results indicated that the experimental sites at Columbia had higher pH and larger availability of Ca, Mg, P, and K than the experimental sites at Stuttgart (Table 1) . For example, the P concentration at Columbia in 2009 was about 1.6-fold greater than in 2010 and approximately three times as high as at Stuttgart in either year. To compensate for the low P and K levels at Stuttgart, 112 kg ha -1 of P 2 O 5 and 134 kg ha
of K 2 O were applied both years prior to planting.
Phenotypic Diversity and Influence of the Environment on Mineral Nutrient Concentrations
A broad range in the concentrations of shoot macronutrients (Ca, Mg, P, K, and S) and micronutrients (B, Cu, Fe, Mn, and Zn) were observed within each environment ( Fig. 1a-j ; Table 2 ). Except for Cu and Mn in CO09 and CO10 and Fe in CO09, the data were normally distributed for all 10 nutrients (descriptive statistics are shown in Supplemental Table S1 ).
ANOVA showed significant (P < 0.05) genotype, environment, and genotype × environment interaction effects for all nutrients (Table 3 ). The strong environmental effect probably reflects the weather pattern differences between the years and locations over which the experiments were conducted in addition to differences in soil conditions at the sites. For all nutrients, there were significant differences among genotypes, and although there were significant genotype × environment interactions, they were not as strong as the effects caused by the environment and genotype (Table 3) .
Correlations between Nutrient Concentrations
Concentrations of each nutrient were examined in relation to those of all other nutrients by correlation analyses within each environment, within each location (across 2 yr), and across all four environments. For all macronutrients, there were significant (P < 0.05) correlations between years (2009 and 2010) at each location (Columbia and Stuttgart) and, except for K and P in 2010, between locations within each year (Table 4) . Among the micronutrients, B was the only nutrient for which significant correlations between years at both locations and between locations in both years were found (Table 4) . For Zn concentration, positive correlations were found within location between years as well as between locations in 2009. For Mn concentration, no significant correlations between years or locations were observed, whereas for Cu and Fe, the correlations were inconsistent.
For all nutrients, at least one significant correlation with another nutrient was observed when analyses were conducted across the mean of all environments (Table  5) . When considering the environments separately, there were two significant (P < 0.05) negative correlations (r = -0.28) between Mg and K in CO10 and between B and Fe (r = -0.31) in ST09 (Supplemental Table S2 ). However, no significant negative relationships among nutrients were found when considering means across environments. The overall strongest relationship was between P and K (r = 0.71) followed by P and B (r = 0.65) concentrations (Table  5) . Copper was the only nutrient that showed a significant correlation with all other nutrients and was the only nutrient that was significantly correlated with Fe. Both P and B were significantly correlated with all nutrients except Fe. Calcium and Zn were each significantly correlated with seven out of the nine nutrients, S and Mn with six out of nine nutrients, and Mg and K were correlated with five out of nine nutrients (Table 5) . Considering all four environments and all 10 nutrients, there were 36 correlation tests per nutrient. Boron had the greatest number of significant (P < 0.05) correlations with the other nutrients when totaled across all four environments, closely followed by Cu, P, and Zn (all with significant correlations in >80% of the tests). Iron had the fewest significant correlations with other nutrients (significant correlations in only 33% of the tests). The remaining nutrients (Mg, Mn, Ca, K, and S) had significant correlations with other nutrients in 50 to 69% of the tests. Principal component analysis was used to examine the relationships among nutrients further (Fig. 2) . Principal Component (PC) 1 of the PCA on the mean across environments accounted for 40.4% of the variability over the 10 nutrients and indicated that all nutrients, except Fe, tended to increase in a similar fashion. Similar results were found by PCA for the four individual environments (data not shown) with PC1 accounting for between 33.8% (CO10) and 43.2% (ST10) of the variance. Principal Component 2 of the PCA on the means across environments accounted for 14.9% of the variance. Within PC2, Ca, Mg, and Mn provided positive contributions but Zn, P, S, and K provided negative contributions, with Zn showing the least negative and K the most negative contribution. Copper and B tended to have only a very slight change in concentration related to PC2. Analysis by environment indicated that nutrients clustered in consistent patterns and the variance accounted for by PC2 for the four environments ranged from 16.8 to 18.4% (data not shown). 
Heritability
Heritability was estimated for each nutrient for each of the four environments, for each location (across the 2 yr), and over all four environments (Table 6) . Across all environments, heritability was largest for S (0.93) and smallest for Mn (0.09). In every environment, Mn had the smallest heritability and S had the largest heritability among all 10 nutrients. Phosphorus and K heritabilities were lowest among the macronutrients; Cu and Mn heritabilities were lowest among the micronutrients. In general, for all nutrients, the heritability was lower for the two Columbia environments than for the two Stuttgart environments and lower for individual environments than across all environments (Table 6 ).
Minor Allele Frequency and Population Structure Analysis
Application of the SoySNP50K iSelect SNP Beadchip across 104 genotypes resulted in 31,748 SNPs with a MAF of ≥5%. Among the 20 soybean chromosomes, the highest number of SNPs was on chromosome (chr.) 18 (2640) and the lowest number of SNPs was on chr. 12 (1067) (Fig. 3a) . The MAF examined with regard to genotype frequency showed a peak slightly above 10% and then gradually declined to plateau in the range of 20 to 50% (Fig. 3b) . Analysis of the multilocus genotype data of 31,748 SNPs with STRUCTURE software indicated seven populations (k = 7) for the 104 genotypes evaluated in this study (Fig. 4a,b) . The optimum number of subpopulations was The STRUCTURE simulation demonstrated that the calculated average of LnP(D) against k = 7 was determined to be the optimum k, indicating that the seven populations could contain all individuals with the greatest probability (Fig. 4c) . The estimated population structure indicated that there were genotypes with partial membership in multiple subpopulations and a few subpopulations exhibiting distinctive identities based on genotype location of origin (Table 7) . Among different subpopulation groups, Group 1 encompassed the largest number of genotypes (25) and Group 6 included the smallest number of genotypes (three). Two subpopulations (Group 3 and Group 7) had individuals exclusively from one country (both subpopulations from South Korea; Table 7 ). In addition to PCA for all 104 genotypes, PCA was also conducted by subpopulation group (except for Group 6, which had too few genotypes for the PCA analysis). Except for Mg in Group 2 and Group 3 and Fe in Group 2, all PC1 responses were broadly similar to those shown in Fig. 2 (data not shown). The PC2 results were less consistent among groups but were not explored further, since PC2 explained only between 16 and 24% of the variation in the different subpopulations.
Marker-Trait Associations
A compressed mixed linear model was used to identify marker-trait associations. Table 8 summarizes the number of unique SNPs and putative loci identified for each nutrient. In general, more unique SNPs were identified using the across environment BLUP means than for either of the locations (CO and ST) or the individual environments. For the macronutrients, the number of unique SNPs ranged from 18 SNPs for Mg to 49 SNPs for K. For the micronutrients, the number of unique SNPs ranged from 15 SNPs for Mn to 77 SNPs for Fe. Based on their position in the genome, closely spaced SNPs are likely to identify the same putative locus. Based on the colocation of SNPs, the number of putative loci identified for the macronutrients ranged from 11 for Ca to 20 for K. For the micronutrients, the number of putative loci ranged from 10 for Mn to 24 for Fe. For the macronutrients the maximum number of SNPs tagging the same putative locus ranged from 3 (Mg) to 14 (S) and for the micronutrients, this number ranged from 3 (Mn) to 25 (Fe). For all nutrients, at least one locus was identified by only a single SNP at the thresholds used in this study. For the macronutrients, the maximum R 2 for the SNPs associated with each nutrient ranged from 0.12 for S to 0.17 for K; for the micronutrients, R 2 ranged from 0.15 for B to 0.20 for Fe. Specific data for the putative loci and individual SNPs summarized in Table 8 are included in  Supplemental Table S3 .
The numbers of putative loci per chromosome for each nutrient are indicated in Table 9 and the relative positions of these loci are visualized in Fig. 5 for the macronutrients and Fig. 6 for the micronutrients. For the macronutrients, every chromosome had at least one putative locus for at least one nutrient ( Table 9 ). The number of loci per chromosome associated with the macronutrients ranged from one on chr. 16 to eight on chr. 5 and chr. 8. Two chromosomes (chr. 8 and chr. 11) had at least one putative locus for all five macronutrients. For the micronutrients, all chromosomes except chr. 20 had at least one putative locus for at least one nutrient (Table  9 , Fig. 5 ). Except for chr. 20, the number of putative loci per chromosome ranged from one on chr. 11 to seven on chr. 5. One chromosome (chr. 5) had at least one putative locus for all five micronutrients (Table 9, Fig. 6 ).
Putative Loci Associated with More than One Nutrient
Examination of Fig. 5 and Fig. 6 reveals chromosomal regions with clusters of loci for different macro-and micronutrients. In addition to relatively closely located loci for different nutrients, 22 individual SNPs were significantly associated with more than one nutrient (Supplemental Table S4 ). In total, 11 combinations of different nutrients (Table 10) were significantly associated with individual SNPs and, in some instances, more than one SNP was significantly associated with a particular combination of nutrients. Twenty of the 22 SNPs identified combinations of two nutrients and two SNPs identified combinations of three nutrients (Table 10 ). The number of SNPs associated with nutrient combinations table 8. Number of single nucleotide polymorphisms (sNPs) significantly associated with the shoot concentration of individual nutrients based on analysis across all environments (Across), by location [columbia, MO (cO) and stuttgart, Ar (st), analyzed across the 2 yr within a location], or by individual environment [columbia in 2009 (cO09), columbia in 2010 (cO10), stuttgart in 2009 (st09), and stuttgart in 2010 (st10)]. the total numbers of unique sNPs, the number of putative loci, the maximum number of sNPs tagging a locus, and the greatest R 2 value observed among the sNPs identified for each nutrient (maximum R 2 ) are also shown. ranged from one for six of the combinations to two or more for the other five combinations. Most nutrient combinations identified by a single SNP were found in only one genomic location (6 of the 11 nutrient combinations, Table 10 ). Individual SNPs significantly associated with Cu and Zn were found for three different putative loci, whereas SNPs associated with P and K and with P and S were found for two putative loci (Table 10) . Four SNPs associated with P and Zn all marked the same locus (Table 10) . Each of the 10 nutrients was associated with a SNP that was also associated with at least one other nutrient. Of the 11 different nutrient combinations (Table 10) , B was identified by SNPs tagging six other nutrients (Ca, Fe, K, Mn, P, and S), P with five other nutrients (B, Ca, K, S, and Zn), S with four other nutrients (B, Mg, K, and P), Ca (B, Mn, and P) and K (B, P, and S) with three other nutrients, and Mn (B and Ca) and Zn (Cu and P) with two other nutrients. Only one other nutrient was identified by the same SNP as Mg (S), Cu (Zn), and Fe (B).
The chromosomal distribution and location of multinutrient "hot spots" are more clearly visualized in Fig.  7 , which shows loci marked by SNPs that were associated with more than one nutrient. In addition to the nutrient combinations identified by single SNPs, there were four putative loci consisting of at least two individual SNPs of a nutrient combination, including two loci for Cu and Zn (chr. 4 and chr. 12), one locus for P and B on chr. 19, and one locus on chr. 5 for P and Zn (Fig. 7) . On chr. 12, the two SNPs associated with both Cu and Zn were in the vicinity of a SNP associated with Mg and S. In addition, the two SNPs associated with both P and B on chr. 19, were in close proximity to a SNP for B and Mn. One locus on chr. 4 (P, B, Ca) and one on chr. 10 (B, K, S) were associated with three nutrients each.
Candidate Genes and Gene Ontology Enrichment Analysis
Putative candidate genes were identified within haplotype blocks with trait-associated SNPs. Of the candidate genes identified here, 52, 27, 14%, and 7% were located within 0.5, 1.0, 1.5, and 2.0 Mb of a significant SNP, respectively. Across the 10 nutrients, 56 unique candidate genes were identified. (Supplemental Table S5 ). The lowest number of candidate genes was identified for B and Mn (two each) and the highest for Fe (13). For all 56 unique candidate genes identified in this study, a gene ontology (GO) Enrichment analysis was conducted in Soybase (www.soybase.org, accessed 18 May 2018) (Morales et al., 2013 ) with the gene model and data mining and analysis option. Of the 56 genes, 55 had one or more GO classification, whereas one gene was not found in any GO classification. The candidate genes could be classified into three overarching GO classification categories: (i) cellular compartments or components such as cell wall, nucleus, cytoplasm, mitochondria, endosome, vacuole, endoplasmic reticulum, Golgi apparatus, cytosol, plasma membrane, and plastid; (ii) molecular function including nucleotide binding, DNA and sequence-specific DNA binding transcription factor, transporter, protein and oxygen binding, and catalytic and kinase activity; and (iii) biological processes including transport, cell death, flower development, photosynthesis, and cell differentiation. By far the largest numbers of candidate genes were annotated as transporters (25). It is noteworthy that out of the 56 unique candidate genes identified, 53 had a functional annotation directly related to the nutrients that were associated with the respective SNPs (Supplemental File S5).
Discussion
Plant Tissue Nutrient Concentrations and Relationships among Nutrient Concentrations
A better understanding of the relationship between genotype and phenotype is important to improve quantitative traits in economically important species such as soybean. Across the four environments examined in this study, macronutrients (Ca, Mg, P, K, and S) and micronutrients (B, Cu, Fe, Mn, and Zn) were generally within the range of values previously reported for soybean, though there were some exceptions where the extremes observed in this study were lower or higher than previously reported concentrations (Table 2 ). In particular, maximum concentrations of Ca, K, Fe, and Mn exceeded previously reported values, whereas some genotypes had lower S, Cu, Mn, and Zn concentrations than those commonly observed. Given the diverse genotypes included in this study, it was not surprising that entries differed in concentrations of individual nutrients and that concentrations of extreme genotypes sometimes exceeded the ranges previously reported for commercial cultivars (Table 2) . Nonetheless, the median concentration of all 10 nutrients measured in this study was within the range reported in the literature. Differences between the Columbia and the Stuttgart locations include soil properties, irrigation (furrow irrigation in Stuttgart and no irrigation in Columbia), and latitude, all of which may affect soybean growth. These factors as well as differences in temperatures and precipitation amounts and distributions, modulated the tissue concentrations of macro-and micronutrients and probably underlie the observed environment and genotype × environment effects. Differences in tissue concentrations of Ca and Mg among environments were not closely associated with soil Ca and Mg nutrient status (Table 1, Fig. 1 ). For P, consistent with prefertilizer application soil test results (Table 1) , plant samples from the CO09 and CO10 environments had considerably higher concentrations than those from ST09 and ST10, even though the Stuttgart sites were fertilized with 112 kg ha -1 P 2 O 5 in both years. Plant tissue K concentrations for CO10 were similar to those for ST09 and ST10, but for CO09, they were relatively higher, reflecting the greater soil K availability indicated by the soil test for CO09. Among the micronutrients, plant tissue Mn concentration for ST10 (Fig.  1) was relatively high compared with the other environments, and may also be a reflection of the high soil Mn concentrations compared with ST09. Despite the strong influence of environmental and soil conditions, genotype, and genotype × environment interactions (Table 3) , significant positive correlations within nutrients among the four environments were found for all macronutrients with the exception of P and K for the CO10 vs. ST10 relationship (Table 4 ). In contrast, except for B, the results of correlation analyses between environments were inconsistent for the micronutrients (Table 4) . Across the four environments, no significant negative correlations were found between any of the examined nutrients (Table 5 ) but significant positive correlations between the concentrations of different nutrients were commonly observed, with exceptions primarily associated with relationships with tissue Fe concentrations (Table 5) .
Relationships among the concentrations of the different nutrients were further examined by PCA (Fig. 2) . The PCA were conducted for each environment (results not shown) and across all four environments (Fig. 2) . Overall, more than half (55.3%) of the variance was explained by the first two PCs, including 40.4% by PC1 and 14.9% by PC2. Consistent with the largely positive correlations among the concentrations of the different nutrients, all nutrients except Fe had a positive influence on PC1. In contrast, although it explained a smaller portion of the variance, PC2 clearly separated numerous nutrients, including K concentration, which always influenced PC2 in an opposing direction to Mg and Ca concentrations. These results are consistent with the literature on the antagonistic relationship between K and Mg that has been documented in numerous studies, including in soybean (Heenan and Campbell, 1981) , and may be related to uptake by roots and/or translocation from roots to shoots (Ding et al., 2006; Ohno and Grunes, 1985; Ologunde and Sorensen, 1982; Omar and El-Kobbia, 1966) . Similarly, K can have an antagonistic effect on Ca uptake (Fageria, 1983) , particularly when availability of K is high (Jakobsen, 1993) . The strong close clustering of Mg and Ca and influence in opposing direction from K on PC2, is also consistent with previous observations of positive correlations between Mg and Ca and negative correlations between K and Mg and Ca in leaf tissues of Arabidopsis plants grown in potting media (Baxter et al., 2012) Except for CO09, the loading of Mn tissue concentration on the PCA biplot was similar to that of Ca and Mg and contrasting with that of K (Fig. 2) . Previously, Heenan and Campbell (1981) reported that high levels of K supply reduce root absorption of Mn in soybean grown in solution with high Mn concentration. Interestingly, the results of a PCA including barley (Hordeum vulgare L.), tomato (Solanum lycopersicum L.), and cucumber (Cucumis sativus L.) ionome data conducted by Pii et al. (2015) revealed similar relationships among mineral nutrients to those presented in Fig. 2 . In particular, in soil-grown plants, they also observed that (i) Fe loaded in the opposing direction relative to all other nutrients; (ii) Mg, Ca, and Mn shoot concentrations exhibited an antagonistic pattern relative to K; and (iii) Cu and Zn displayed closely aligned eigenvector angles situated between those of the Mg-Ca-Mn cluster and that of K.
Overall, the 104 soybean genotypes differed extensively in shoot tissue concentrations of the examined nutrients. Not surprisingly, the different soil and environmental conditions coupled with the diverse genotypes resulted in significant environment and genotype × environment effects for all mineral nutrients. Despite these complexities, a distinct pattern of relationships among concentrations of the different nutrients emerged. Although these results provide insights into the balance among the various mineral nutrients in shoot tissues, gaining additional perspective with regard to uptake by roots and translocation to the shoot as well as biomass accumulation will be important. As described below, linking phenotypic characterization with the genetic information available for the diversity panel provides important insights into the genomic regions and candidate genes that are involved in shoot tissue mineral nutrient homestasis in soybean and will aid in further dissection of the mechanisms underlying the regulation of mineral nutrient composition accumulation.
Population Structure
Understanding genetic relationships and the population structure of the germplasm evaluated is critical to controlling false positives in association mapping (Myles et al., 2009) . The soybean population structure has been well studied using both simple sequence repeat and SNP markers for G. max (Han et al., 2015; Kumar et al., 2014) and Glycine soja Siebold & Zucc. (Guo et al., 2012; Han et al., 2015) . The estimated population structure of the 104 genotypes evaluated in this study indicated a few subpopulations exhibiting distinctive identities (Table  7) . The accessions were classified into seven subpopulations with significant divergence among subpopulations. In a previous study (Dhanapal et al., 2015b ) with a larger number of genotypes (of which the 104 genotypes evaluated in the current study are a subset) and the same SNP dataset, a population structure consisting of eight subpopulations was determined. For both the subset of genotypes evaluated in the current study and the larger set of genotypes used in previous studies, the genotypes within each subpopulation were independent of their collection sites (geographic origin). Nonetheless, the results indicated high diversity within subpopulations and less genetic diversity among subpopulations. Similar results have been found for soybean with SNP markers (Li et al., 2010; Liu et al., 2016) and simple sequence repeat markers (Kumar et al., 2014) .
Marker-Trait Associations
Genome-wide association studies facilitate the detection and mapping of molecular markers associated with quantitative trait loci underlying complex traits in the absence of biparental populations. In the present study, a large number of significant unique SNPs and putative loci were identified for each mineral nutrient (Table 8,  Table 9 ; Fig. 5 ; Supplemental Table S3 ). Given that previous research in A. thaliana indicated that about 2 to 4% of the genome is involved in the regulation of the nutrient and trace element content (Lahner et al., 2003) , the large number of loci identified here was not surprising. For all nutrients, putative loci associated with only one nutrient as well as putative loci associated with multiple nutrients were identified (Table 10 ). Putative loci falling in either group (single or multiple nutrient associations) are of interest because they may represent different physiological mechanisms and metabolic pathways (Ma et al., 2016; Mamidi et al., 2014; Zhang et al., 2014b) . Nutrients are acquired from the soil by roots and translocated throughout the plant to other organs or cells in complex and highly regulated processes (Aibara and Miwa, 2014; Chrispeels et al., 1999; Clarkson, 1985) . There is evidence of specific transporters for each essential nutrient as well as specific transporters and/or regulation of transporters for particular cells and processes [see reviews by Aibara and Miwa (2014) and White (2012) ]. As the entire aboveground biomass was analyzed, the nutrient concentrations measured are the result of complex processes integrating nutrient uptake, partitioning, and growth. As such, the putative loci identified in this study may lead to novel insights and a better understanding of a broad range of processes.
Intriguingly, among the 365 unique SNPs identified, 22 were associated with more than one nutrient. These SNP-nutrient associations are summarized in Table 10  and detailed in Supplementary Table S4 . Though it is clear that nutrient interactions are common, specific mechanisms underlying these interactions are often not clear. Among the nutrient combinations listed in Table  10 , the interaction of P and Zn has received considerable attention (Bouain et al., 2014) . Indeed, it appears that plant Zn status influences PHO1, a phosphate transporter expressed in the vascular cylinder of roots that is important for phosphate transport to the shoot, and PHR1, a MYB transcription factor involved in the regulation of phosphate starvation-induced genes in A. thaliana . As such, genomic regions with colocalized markers and individual SNPs associated with two or more nutrients may contribute to elucidating the interplay of specific nutrient combinations, such as the relationship between P and Zn.
Candidate Genes
Examination of the annotations of genes in the vicinity of significant SNP-nutrient associations generally revealed numerous genes per locus that had annotations linking them with the specific mineral nutrient(s) marked by that putative locus (Supplementary Table S5 ). Although these genes can be assigned to a broad range of functional categories, including photosynthesis, redox reactions, energy metabolism, signal transduction, and others, about half of the candidate genes identified were annotated as transport-related genes. At least one and up to 13 transport related genes were identified for each of the mineral nutrients examined in this study. The abundance of transport-related genes was not surprising, in that the literature indicates that the spatiotemporal orchestration of multiple transporters is a key mechanism underlying efficient uptake of many nutrients, including N (Kiba and Krapp, 2016) , Ca (White and Broadley, 2003) , P (Schachtman et al., 1998) , K (Grabov, 2007) , S (Buchner et al., 2004) , B (Miwa and Fujiwara, 2010) , Cu (Puig et al., 2007) , Mn (Socha and Guerinot, 2014) , Fe (Morrissey and Guerinot, 2009 ), Zn (Grotz et al., 1998) , and Si (Ma and Yamaji, 2015) .
Information in the literature about the function of the different candidate nutrient transporter genes identified here varies considerably. However, for a number of the candidate genes, evidence for involvement in nutrient uptake, translocation, and/or homeostasis is available, primarily for A. thaliana but also for other species. For Ca, an important secondary messenger, three genes encoding Ca-binding EF-hand family proteins, were identified near putative Ca-loci on chr. 8 and chr. 17. Ca 2+ -binding EF-hand motifs are found in Ca 2+ sensing proteins including in calmodulin-like proteins (Lewit-Bentley and Réty, 2000), a putative member of which was also identified near a locus on chr. 17. A Mg transporter gene belonging to the MRS2/MGT family of Mg 2+ transport proteins was identified on chr. 3. Members of this family have been shown to transport Mg 2+ (Li et al., 2001; Schock et al., 2000) and follow-up studies revealed tissue-specific expression of MRS2/MGT family members and indicate involvement in Mg 2+ uptake from soil, distribution after uptake, and involvement in Mg homeostasis (Conn et al., 2011; Gebert et al., 2009; Mao et al., 2014) .
In addition to Mg, a large number of candidate genes identified for P and K were also annotated as transporters or transport-related genes. For P, six transport-related genes were identified, including a glucose 6-phosphate/ phosphate translocator gene that was found on chr. 7, and is highly expressed in vegetative tissue of Vicia narbonensis L. (Rolletschek et al., 2007) . Further, a glucose 6-phosphate/phosphate translocator 2 (GPT2) found near a putative P locus on chr. 2 may be of interest, as the expression of GPT2 is responsive to P availability and elevated CO 2 concentration, and GPT2 appears to be involved in acclimation to high light in A. thaliana (Dyson et al., 2015; Leakey et al., 2009; Morcuende et al., 2007) . GPT2 may, at least under certain conditions, represent a pivotal control point in photosynthetic C partitioning (Sharkey and Weise, 2016) and, as such, one could speculate that it may play a role in linking carbon assimilation and P homeostasis which, in turn, is reflected in tissue P concentration.
Most of the genes found near the putative loci for K concentration were K transporter genes. Two GmKT1 genes (Glyma.02G154100 and Glyma.02G154200) identified on chr. 2 belong to the HKT family of proteins that have been functionally characterized as being able to mediate Na + uptake in roots and affect Na + -K + regulation in soybean . A HAK5 gene (Glyma.07g042500) was found on chr. 7 and is likely to be involved in root high-affinity K + uptake in soybean (Rehman et al., 2017) . A SKOR-type voltage-gated K + channel gene (Glyma.02g243400) is located near a K locus on chr. 2 and is of interest because stelar K + outward rectifier was found to be involved in K + secretion into the xylem in A. thaliana (Gaymard et al., 1998) and several voltage-gated K + channel genes are highly expressed in various soybean tissues, including in shoots, roots, and nodules (Rehman et al., 2017) . One of the two KCO genes (KCO1; Glyma.02g299700) found on chr. 2 has been reported to be highly expressed in root hair cells of soybean (Rehman et al., 2017) .
Examination of genes near the 16 S loci only revealed four candidate genes, including one sulfate transporter on chr. 20. Previously, Ding et al. (2016) identified 28 putative sulfate transporter (SULTR) genes in the soybean genome, including a member of the SULTR3 subfamily near the locus on chr. 20. Examination of SULTR3;5 in A. thaliana (Kataoka et al., 2004) indicated expression in xylem parenchyma and pericycle cells in roots and in facilitating root-to-shoot transport of sulfates. An ATP sulfurylase 1 gene (Glyma.10g242600), which may play a vital role in S assimilation in soybean, was identified near locus 9 on chr. 10 (Phartiyal et al., 2006) . Among all the mineral nutrients investigated, the fewest candidate genes were found for B. One putative B transporter gene (BOR1) each was found near B loci on chr. 4 and chr. 6. BOR1 is a borate transporter, facilitating xylem loading of B and thus its translocation from roots to shoots (Takano et al., 2002) . In contrast to B, numerous Cu-related candidate genes were identified near putative Cu loci, but none of them was a member of the Cu transport protein family implicated in Cu uptake and mobilization (Burkhead et al., 2009) . Instead, some of the candidate genes identified related to the function of Cu in redox reactions, including in photosynthesis (e.g., plastocyanin-like) and oxidative stress responses (e.g., ascorbate oxidase).
Among all mineral nutrients, the largest number of candidate genes (13) was identified for Fe, including a gene encoding a 2-oxoglutarate-Fe (II)-dependent oxygenase superfamily protein. A member of this superfamily was recently shown to be repressed by Fe deficiency (Lauter et al., 2014) . Members of the ZIP gene family can transport several cations including Fe, Mn, and Zn (Guerinot, 2000) . Although no ZIP family genes were identified near the putative Mn loci, one NRAMP protein encoding gene was found on chr. 17. NRAMP proteins were shown to be involved in the transport of Mn 2+ but can also transport other divalent cations including Fe 2+ , Zn
2+
, and Cu 2+ (Socha and Guerinot, 2014) . However, the NRAMP gene identified in the current study was not near any of the multinutrient SNPs listed in Table  10 . One HD-ZIP transcription factor-encoding gene was identified on chr. 1 (Glyma.01g207300). HD-ZIP family proteins are believed to be involved in cellular uptake of Zn 2+ in barley and maize (Zea mays L.) (Mondal et al., 2014; Pedas and Husted, 2009 ). The phytochelatin gene on chr. 3 may also be of interest, as Zn transport in roots is also thought to be mediated by metal chelators like phytochelatins (Palmgren et al., 2008) . Additionally, two Zn transporter ZntB protein-encoding genes were identified on chr. 5 and chr. 19 near putative Zn loci. These genes belong to the CorA family of metal transporters and are thought to encode Zn efflux transporters, but very little is known about them in plants (Kobayashi and Tanoi, 2015) .
Examination of the functional annotations of the genes near putative mineral nutrient-associated loci from this study identified numerous candidate genes encompassing a broad range of functional categories. As described above, a large number of them encode proteins that are thought to function as transporters. Several of these genes, or members of their family, encode transport proteins that appear to be involved in xylem loading and nutrient root-to-shoot translocation, highlighting the importance of not only nutrient uptake from the soil solution but also control of xylem loading for long-distance translocation and regulation of shoot nutrient concentrations. Although the candidate genes identified here represent promising targets for confirmation and further investigation, it is clear that much follow-up research is necessary to confirm putative loci and the identity of the genes underpinning the observed associations.
conclusions Genome-wide association studies carried out with a compressed mixed linear model, accounting for population structure and kinship matrices, resulted in the identification of numerous marker-trait associations for shoot concentrations for each of the mineral nutrients examined in this study. Eighty putative loci were identified for macronutrients, including 11, 15, 20, 18, and 16 for Ca, Mg, K, P, and S respectively. For micronutrients, a total of 77 putative loci were identified, including 15, 14, 24, 10, and 14 putative loci for B, Cu, Fe, Mn, and Zn, respectively. Among these, 13 loci were associated with more than one mineral nutrient. In the vicinity of many of the putative loci, genes with annotations indicating a function associated with mineral nutrient dynamics were identified, including a large number of genes related to mineral nutrient transport. The putative loci and candidate genes identified in the vicinity of these loci provide valuable information for further evaluation and confirmation in biparental mapping populations, potential use in breeding programs, and mechanistic studies aimed at elucidating mineral nutrient uptake, translocation, and homeostasis in soybean.
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